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ABSTRACT  
A high quality of master data is vital for process automation and IS support in enterprises. Retailers and manufacturers have 
started improving their master data quality on a syntactical level. Many researchers address problems of syntactical master 
data quality (e.g. missing values, typo errors), but only few approaches target semantic issues of master data quality 
management. Poor semantic data quality can lead to a misalignment between real-world phenomena and data stored in the 
databases. Furthermore, semantic data quality relies on the current use of data, but is not limited to the present use of the data 
and its impact on existing business processes. In fact it includes the likely future uses of the data as well. In this paper, we 
discuss the contribution of ontologies for identifying and assessing semantic master data quality problems. We develop a 
conceptual approach and procedure model for addressing the semantic master data quality problem. The method is applied 
within a scenario for automated coupon clearing in the retail industry.  
KEYWORDS 
Semantic, Ontology, Data Quality, Master Data, Retail 
MOTIVATION 
Today, meaningful master data is crucial for business processes in retail and industry. Retailers rely on product master data 
stemming from manufacturers and manufacturing companies heavily rely on data provided by retailers, e.g. to optimize the 
flow of goods in their own supply chain with respect to actual customer demands. Manufacturers and retailers have started 
standardizing and centralizing their master data in order to improve data quality (Loshin, 2005). Moreover, electronic 
marketplaces, collaboration in terms of ECR (Efficient Consumer Response) and CPFR (Collaborative Planning, Forecasting 
and Replenishment), and the establishment of centralized product master data pools have forced companies to ensure the 
quality of their data. Global data synchronisation networks (GDSN) and quality initiatives conducted by the consumer 
packaged industry and institutions like GS1 further emphasize the importance of data quality of master data (Nakatani et al., 
2006). Even so, a lack of structure in the data and a highly variable (and thus often poor) data quality are major problems for 
master data management. Quality of data is not an “isolated function” within an information system, but instead an inherent 
and integral part of business management (English, 1999).  
The problem of poor data quality especially affects product master data provided by manufacturing companies, as 
standardized guidelines for structure and content are missing (Berson and Dubov, 2007). As such, identical products are often 
handled inconsistently within databases and different identifiers and multiple abbreviations are used. Insufficient data quality 
causes a multitude of business process failures and squanders resources in terms of people, money, materials, and facilities 
resources (English, 1999). As a consequence, the introduction of flexible data structures beyond generic classifications of 
goods is not possible yet. Due to this lack of structure and quality, product master data can seldom be used in highly 
automated business processes, but require the involvement of humans to interpret, update, and restructure data manually 
(Capgemini, 2004). 
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Based on the semiotic levels of data, Price and Shanks (2005) propose syntactic, semantic, and pragmatic criteria for the 
evaluation of data quality. Furthermore, some researchers address ways of overcoming syntactical and pragmatic quality 
deficiencies (Redman, 1996). Only few researchers discuss concrete approaches or practical guidelines for the semantic 
aspects of master data quality (Cappiello et al., 2003). Furthermore, data quality relies on the current use of data, but is not 
limited to the present use of the data and its impact on existing business processes. Instead, the concept includes the likely 
future uses of the data as well (English, 1999). Enterprises‟ master data serve as an enabler for business ideas and services, 
which had not been regarded at the particular concept phase of the information system. While syntactic data quality 
management is well understood in theory, there are hardly any practical approaches to semantic master data quality issues. 
In this paper, we develop an approach for a better semantic master data quality by discussing the contribution of ontologies 
for identifying and assessing semantic master data quality problems. Modeling real-world contexts in an ontology and 
mapping the ontology to the physical model of the database ensures a better alignment between real-word entities and 
database structures. Hence, real-world concepts in ontologies can be mapped to several underlying databases (with 
heterogeneous database schema definitions) at the same time. Furthermore, it allows the analyzing of data quality on a non-
technical (semantic) level. We illustrate our approach, introducing a scenario based on coupon promotions in retail. Coupons 
are vouchers that entitle buyers to buy at a discount. Customers hand it over to the retailers in order to receive a discount. 
This is called coupon clearing. With manual, hardly automated coupon clearing processes at the point of sale retailers did not 
have to rely on their master data. Cash register employees were able to verify a coupon and match it to the purchase 
conditions that were printed on the coupon. Nowadays, self-checkout and coupon fraud force retailers to automate their 
coupon clearing processes which causes new demands on the semantic quality of master data (Winkelmann, 2006). 
The remainder of this paper is structured as follows: In section 2, we discuss related work and explain our research method. 
In section 3, we describe our approach for addressing the master data quality problem with the help of ontologies. In section 
4, we discuss the contribution of our work to theory and practice and give an outlook on limitations and further research in 
this area. 
RELATED WORK ON DATA AND INFORMATION QUALITY 
Master Data 
Master data can be defined as all information that is needed for an enterprise wide “system of records“ for core businesses in 
order to capture business transactions and measure results of these entities (Berson and Dubov, 2007; Griffin, 2005). There 
are various types of master data available and needed within retail companies. Retailers need master data about customers 
and suppliers such as name, address, banking details, etc. as well as detailed information about their products. Product master 
data comprises basic data (e.g. product number, UPC, EAN), listing data (listing period, assignment to assortments), 
purchasing data (e.g. vendor-dependent details for the deliverability), logistic, sales and POS data (Becker et al., 2001). 
Especially product master data and promotional master data are very important for automatic processes at the point of sales. 
Product master data include information about product name, size, price, etc. Furthermore, a unique identifier called UPC 
(Unique Product Code (USA)), EAN (European / International Article Number) or JAN (Japanese Article Number) is 
required in order to identify master data of a product. Promotional master data contains all relevant information about a 
promotion such as value of the promotion, validity conditions, etc. and a reference to the promoted products. For example, in 
order to automate a BOGOF-promotion (buy one get one free) retailers will need promotional master data about the value of 
the promotion (“one product for free”), the time of validity (“until July, 31st”) and the product, respectively the product code 
of the product (e.g. “Coca-Cola 0.5 litres”, EAN: 4023786889760). 
Master Data Quality 
Many researchers analyzed the properties of data and information quality (in accordance to (Huang et al., 1999; Kahn et al., 
2004) we use both, information and data quality, synonymously). During the last years, many authors commented on poor 
master data quality in industry and retail. For example, according to (Kuipers, 2004), Nestlé assumed that more than 50% of 
items had incorrect or redundant master data entries. For more general trends in data quality see (Agosta, 2005), who claimed 
that according to a survey 30 % of data warehousing maintainers suffered from poor data quality in the USA in 2005. 
A common quintessence of the past two decades‟ research is that “data quality is a multi-dimensional concept” (cp. Pipino et 
al., 2002, and cited lit.), which can be distinguished into (a) the subjective perceptions of the individuals involved with the 
data and (b) an objective measurement based on the data set in question. Other authors use the expressions pragmatic (a) and 
inherent (b) quality (English, 1999). Quality as regards inherent quality is limited to the correctness of facts and a clear 
definition or meaning of the data. The corresponding subcategories from semiotic theory are syntax and semantic (Price and 
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Shanks, 2005). Quality on a pragmatic level can be defined as the “correctness of the right facts represented correctly” 
(English, 1999) and therefore focuses on delivery and actual usage of the data entities. All three components (definition, 
correctness of facts, presentation) can be separately and distinctly targeted for ensuring data quality (English, 1999), though 
not separately measured (Lee et al., 2002). Assuming that this argument holds, the following sections address the semantic 
aspects referring to the data definition component.  
Semantic Master Data Quality 
The semantic quality category is an indicator for the alignment of the data stored in the database to the set of external 
phenomena they are intended to represent and which are relevant to the purpose the data is stored (i.e. the intended use of the 
data) (Price and Shanks, 2005). Semantic data quality can be assessed through random sampling of this representation. 
Semantic quality in this sense is an expression for the level of the epistemological view on data entities corresponding to an 
ontological view describing the external phenomena (Hirschheim et al., 1995). 
In contrast to this umbrella understanding, many authors limit semantic quality aspects to the avoidance of inconsistencies 
arising from redundant information items as illustrated by (Codd, 1970) in his seminal paper but neglect (a) the correct 
mapping to real-word entities regarding the entire life cycle of both real-world entities and data and (b) the usage of data in 
new contexts. 
(a) Correct mapping: This corresponds with the idea of “Information as a Product” (de Corbière, 2007; Price and Shanks, 
2004; Wang, 1998; Wang et al., 1998). Information quality can be obtained by applying methods ensuring data‟s 
conformance to initial requirements specifications and specified integrity rules or its correspondence to external phenomena, 
which can be represented by ontologies (Price and Shanks, 2005). Like physical products, data follows a lifecycle. The 
development of the data is a function of the underlying information systems (which actually produce and change the 
enterprise‟s data) development cycle (Huang et al., 1999). Data entities are created, modified and deleted. In the couponing 
context this problem occurs for example if one product (Coca-Cola, 0.5 litres) is referred to by a follow-up identifier. Then 
the coupon-product-relations have to be updated, allowing the customer for getting products refered to by both identifiers.  
(b) New contexts: Not only the master data, but also the represented entities, the business rules linking them to each other and 
their surrounding business context are dynamic. Consequently, actual operational usage of data may differ “substantially 
from that considered during system development as a result of omitted, unanticipated, or changing business requirements” 
(Price and Shanks, 2005). We refer to those external business requirements as contextual data requirements. Examples in the 
retail industry are extended reporting obligations for indication of ingredients (e.g. genetically modified food), hazardous 
materials (e.g. REACH, ROHS or WEEE) or product specific information for financial reporting requirements. Here, 
enterprises are faced with several new legislations and regulations (e.g. Sarbanes-Oxley, Basel II Capital Accord) which 
demand them to “provide, use, and report accurate, verifiable, and relevant data about their financial performance and 
significant material events” (Berson and Dubov, 2007). 
Meta Data for Semantic Master Data Management 
For an understanding of the contextual aspects of master data, we will need to address the meta data of data entities. That 
meta data contains definitions (and documentation) “relating to either the business application domain or to the underlying 
data model that together form the IS design” (Price and Shanks, 2005) and thereby bride the identified gap. 
RESEARCH METHOD 
Our research is based on the artifact of an “ontology-based semantic master data management”. Hence, design science 
research as a qualitative research method was chosen to guide the research process, incorporating our design oriented and 
artifact centered research process. As Hevner et al. state: “Design science […] creates and evaluates IT artifacts intended to 
solve identified organizational problems” (Hevner et al., 2004). Our research outcome is based on a critical thinking, multi-
method approach. There is much discussion in the literature about what is meant by critical thinking research. It is an 
evolving phenomenon with different understandings (Warren and Adman, 1999). Some argue that it operates through critical 
systems heuristics and a mode of questioning intended to reveal the normative aspects of design processes (Ulrich, 1983). 
Others demand a pluralistic combination of existing methodologies such as literature study, case study research or expert 
interviews (Jackson, 1991; Midgley, 1997; Schecter, 1991). Hence, we derived our findings from six case studies (cp. Table 
1) in the retail sector, various expert interviews and our experience in master data management (Becker et al., 2007a; Becker 
et al., 2007b; c; Winkelmann, 2006). Case studies and expert interviews helped gaining an inside into the domains of coupon 
clearing and master data management. 
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Case Study Company information Project conducted 
Retailer Wholesaler with 400 employees, 50 
wholesale markets and approximately 
30,000 products. 
Process analysis, master data 
reorganisation and new ERP selection 
and analysis. 
Retailer Major retailer in the jewelry sector with 
200 stores and 2,000 employees all 
over Germany.  
Reorganization of controlling system. 
Implementation of a data warehouse.  
Facility management company Full service provider for all aspects of 
real estate. Management of more than 
35,000 properties; 6.800 employees.  
Implementation of a new master data 
concept. 
Manufacturer Small-sized, one-site manufacturing 
company with 125 employees, 
development of metal products with a 
high degree of manual processes.  
Process automating and master data 
reorganization, implementation of a 
production planning system. 
German coupon clearing house 10 employees, covers approximately 
half of the German and some of the 
European retail market with its 
automatic coupon processing solutions 
Development of in-store coupon 
processing solutions. Development of a 
centralized master data pool for 
promotional master data. 
Manufacturer of European product 
master data pool  
Manufacturer of  solutions for 
managing structured and unstructured 
data, multimedia content as well as 
transaction data from a large variety of 
sources.  
Thorough analysis of existing master 
data pools and its syntactical quality 
measures. 
Table 1: Case studies resp. projects in the context of master data management 
ONTOLOGY BASED SEMANTIC MASTER DATA MANAGEMENT 
In this section we describe our approach to master data quality. According to Price and Shanks (2005), as illustrated in 
before, syntactic data quality can be assessed through integrity checking. Semantic data quality can be assessed through 
random sampling. Finally, pragmatic data quality – as it depends on user perceptions – can only be assessed through 
empirical methods such as surveys or interviews. In the following we present a systematic approach for measuring semantic 
data quality, which follows a more systematic approach than „random sampling‟. The basic idea is to understand an 
information system as a representation of a real-world system (Weber, 1997). A state of the real-world system at a certain 
time is represented by the data stored in the information system (Wand and Wang, 1996). As information systems only 
represent a partial, simplified view of the real world, two questions arise when trying to assess semantic data quality: 
 Question 1: Which real-world phenomena should be represented in the information system (i.e. which entities are 
relevant)? 
 Question 2: How should relevant phenomena be represented in the information system (i.e. which attributes and 
relationships are relevant)? 
 
Answering these questions is a prerequisite to assessing the data quality of a given information system on a semantic level. 
For doing so, we propose to build a conceptual model to capture the semantics of that part of the real-world we want to 
represent and to compare this conceptual model to the physical data model of the information system (cp. Figure 1). 
One approach to capture the semantics of a domain is to use ontologies. The term ontology originates from philosophy and 
refers to the study of being or existence, i.e. it is concerned with the question: „What exists?‟ Or to be more precisely (Sowa, 
2000): „What categories of things exist?‟ Hence, a domain ontology explains the types of things in a domain. In the context 
of information systems an ontology can be defined as “an abstract simplified view of the world that we wish to represent for 
some purpose” (Gruber, 1993). It consists of a set of representational primitives with which to model the domain of discourse 
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(in the following see (Gruber, 2008)). These representational primitives are typically concepts (or classes), attributes (or 
properties) of these concepts and relationships between concepts. The definitions of the representational primitives include 
information about their meaning and constraints on their logically consistent application. In the context of database systems 
ontologies can be regarded as a level of abstraction of data models and implementation issues. 
Having constructed an ontology for a certain domain of discourse of the real world we can compare this conceptual model to 
the physical data model as well as to the actually stored data of the information system. Any differences might be a possible 
data deficiency. Figure 1 depicts our approach which can be subdivided into the four phases analysis, modeling, mapping, 
and assessment. Each of these phases contains activities which are connected through artefacts – either as inputs or outputs. 
In contrast to typical software or database engineering approaches our approach presumes a given information system and 
maps a conceptual model of the real-world to the elements of this system to assess its semantic quality. 
Analysis 
We start by defining the domain of discourse and its scope (i.e. boundaries). Exemplary data quality domains in the area of 
retailing are IT-enabled business strategies (e.g. e-commerce), business processes or practices which rely on quality data (e.g. 
CPFR, ECR, RFID, couponing promotions) or legal regulations which state requirements on data management (e.g. SOX, 
Basel II). 
In the following we will use coupon promotions as a running example. Coupons are a marketing instrument in form of a 
printed or electronic voucher, which allows either a direct or indirect discount to be obtained if the redemption conditions of 
the voucher are met (Winkelmann, 2006). In the past, employees had to redeem and clear coupons at the point of sale (POS) 
manually. Today, automatic coupon clearing becomes ever more important since it avoids the disadvantages (time 
consumption, risk of failure and fraud) of manual and semi-automatic clearing and enables an automated processing at the 
POS without any need to intervene (e.g. at self-checkout counters). The same holds for issuing coupons through the POS 
system. It is possible to print a coupon in combination with the sales slip. For example, it is possible that a customer buys a 
product of a certain manufacturer and receives a coupon that allows for a rebate with his next purchase of a different product 
of the same manufacturer. Automated couponing heavily relies on effective and efficient IT support. Hence, the quality of 
master data is a necessary prerequisite for automated processing of couponing promotions. 
 
Figure 1: Procedure model of our approach to semantic data quality management 
It is advisable not only to identify the domain but also to limit the scope carefully. A common technique is to use so-called 
motivating scenarios and competency questions (Gruninger and Fox, 1995; Ushold, 1996; Ushold and Gruninger, 1996). The 
motivating scenarios have the form of stories, examples or problem statements, but also include some intuitively relevant 
solutions. These solutions often provide a first idea of the intended semantics of the ontology. From the motivating scenarios 
a set of questions arises, so-called competency questions. These questions place demands on the underlying ontology. The 
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primary purpose of competency questions is not to generate ontological commitments; they are rather intended to act as a 
litmus test for an iterative modeling and evaluation of the ontology (Noy and McGuinness, 2008), e.g.: Does the ontology in 
its current version contain enough information to answer all competency questions? Is the level of detail appropriate to 
effectively and efficiently answer the competency questions? 
Here is an exemplary motivating scenario for our running example: A retailer wants to promote a new stain remover. He aims 
at targeting customers who buy products with specific ingredients such as tomatoes, because spots of tomatoes are hard to 
clean. A coupon for a free package of stain remover shall be printed at the POS, every time a customer buys a product which 
contains tomatoes, e.g. ketchup, pasta sauce, tomato soup. The promotion is limited to two weeks. 
Exemplary competency questions which can be used to decide about the expressiveness of the to-be-constructed ontology: 
 What products are made of tomatoes? 
 What EANs (European Article Number) belong to products with tomatoes? 
 What EANs belong to the stain remover (Frequently, a product has more than one EAN – depending on the point of 
production, etc.)? 
 Is the promotion still running? 
 
 
Figure 2: The roles of coupon, barcode, and master data in automatic coupon clearing 
Once the domain (including its scope) has been defined, data collection follows. Numerous qualitative empirical methods can 
be used for data collection. Important data sources which may act as input for this task are document analysis (e.g. of laws, 
regulations, business documents, archival records, reports, meeting minutes), semi-structured, open-ended or focused 
interviews (e.g. with domain experts, employees) and direct or participant observations (e.g. of employees). The output is a 
consolidated data collection, e.g. in form of a report, which serves as the input for all further analysis. On the basis of this 
data collection, central concepts, attributes and relationships inherent in the analyzed domain can be identified. To do this, it 
might be helpful to first brainstorm important terms of the domain and not to worry too much about classification and overlap 
(Ushold, 1996). In subsequent steps the collected terms are classified as concepts, attributes or relationships and refined to 
reduce overlaps. During this task it might be necessary to go back to the previous step of data collection if you are lacking 
information about certain aspects or if you want quantitatively evaluate identified concepts, attributes and relationships, e.g. 
by undertaking surveys. The final output of the analysis phase is a semi-structured list of important concepts, attributes and 
relationships of the analyzed domain. 
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Modeling 
The purpose of this phase is to formalize the findings of the foregoing qualitative analysis by actually building the domain 
ontology itself. This typically involves encoding the identified concepts, attributes and relationships using a formal language, 
e.g. OWL (Web Ontology Language), RDF (Resource Description Framework) or UML (Unified Modeling Language), and 
an ontology modeling tool (e.g. Protégé).  
Using the list of identified ontology constructs as a starting point for formalization, a reasonable approach is to first model 
the concepts of a domain and to organize them into a hierarchical taxonomy. Afterwards the internal structure of the concepts 
is specified by adding attributes (and their value types). The next step is defining relationships (including cardinalities) 
among concepts. The last (optional) step includes creating individual instances of concepts and filling in attribute values as 
well as relationships to other instances. 
Figure 3 shows the ontology of our running example in OWL. Its central concepts are coupons, promotions, conditions, 
rebates (discounts and rebates in kind), products, and ingredients. Additionally, relationships between concepts do exist, e.g. 
coupons belong to a promotion, products contain ingredients and products are assigned to EANs. The ontology also contains 
instances of concepts. For example, the product „Mama Mia Pasta Sauce‟ contains the ingredient „tomato‟ and has the EAN 
„300819814711‟. Likewise, relationships are defined on instance level. The coupon „Coupon_4711‟ has the condition 
„Tomato  Stain_Remover‟ which has the premise ingredient „tomato‟ and the conclusion „get_free_article‟ of product 
„Super_Clean_Stain_Remover‟. 
 
Figure 3: Exemplary ontology including instances for couponing promotions in retail 
The output of the modeling phase is a semi-formal representation of the business needs regarding a specific context (e.g. 
couponing promotions). It abstracts from technical issues which are addressed by logical or physical data models. 
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Mapping 
In order to analyze the semantic data quality of a given information system, a mapping between the domain ontology and the 
underlying database must be conducted (cp. Figure 4). This mapping links the semantics of the ontology to the physical data 
model and actual tuples stored in the database. For each concept (incl. attributes) and relationship of the ontology a 
counterpart in the underlying physical data model has to be identified. Necib and Freytag (2005) identify three types of such 
mappings: First, a mapping between ontology concepts (incl. attributes) and database relations (i.e. tables or views). For 
example, the ontology concept „article‟ could be mapped to a database relation „items‟. Second, mappings between ontology 
relationships and database relations. For example, the ontology relationship „contains‟ could be mapped to a database relation 
„recipe‟ containing ingredients of products. This link might be a relation (in case of a many-to-many cardinality) or a simple 
foreign key constraint (in case of a one-to-many cardinality). Third, a mapping between ontology concepts (incl. attributes) or 
instances of concepts and database attribute values. For example, the ontology instance „tomato‟ could be mapped to the 
value „true‟ of an attribute „contains_tomato?‟ in the database relation „items‟. 
 
Figure 4: Presented approach to semantic data quality management 
In some cases it will not be possible to identify a counterpart for an ontology primitive straight away. This might be the case, 
because a type of phenomenon of the real world is not represented in the information system. For example, a standard ERP 
system might not include all relations or attributes required for retail (e.g. promotions or coupons). This is called a data 
model deficiency (as opposed to a data deficiency) which can only be resolved by modifying or enhancing the data model 
(Shanks, 1999). 
The output of the mapping phase is a mapping table containing ontology primitives on the one side, and relations or attribute 
values of the database schema on the other side. 
Assessment 
The last phase comprises the actual quality assessment which involves building semantic queries, executing these queries and 
analyzing the query results. Due to the previous construction of a domain ontology and the mapping of ontology primitives to 
the physical data model, analysts can build queries on a semantic level without bothering about implementation details of the 
underlying database. These semantic queries will then be translated into SQL queries based on the mapping information 
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provided. Executing these queries can answer the question whether all attributes and relationships that are required in a 
certain context, such as couponing, are filled. In contrast to answering such questions by using SQL queries, our approach 
overcomes typical interoperability problems, e.g. inconsistent naming of relations, attributes, and attribute values by moving 
away from technical issues. Figure 5 shows a screenshot from a first prototype incorporating the presented approach to 
semantic master data quality assessment. The ontological underlying is part of a larger promotion platform prototype 
(Winkelmann et al., 2008).  The prototype supports the cooperation between industry and retail in the field of promotional 
master data.  The green bars at the right hand side of the screenshot represent the degree of coverage between the ontology 
and the physical database model and content. The quality measure in this first prototype is very simple and is revealed by a 
linear model that includes the counting of inconsistencies and wrong namings. 
Quality
Semantic data quality in 
terms of matching 
between ontology and 
physical data model incl. 
database content
Analyzed articles
 
Figure 5: First prototype incorporating the presented approach 
CONCLUSION 
Contribution 
While syntactic data quality management is well understood (though not satisfactorily solved in practice yet), little practical 
approaches to semantic quality issues have been proposed so far. Hence, our approach contributes to the discussion by 
applying ontologies for semantic master data management. The approach can help to solve a variety of issues in the area of 
semantic data quality. Our approach delivers contributions at two different levels:  
(A) data model level 
 Modeling real-world contexts in an ontology and mapping the ontology to the physical model of the database 
ensures a better alignment between real-word entities and database structures.  
 Real-world concepts in ontologies can be mapped to several underlying databases (with heterogeneous database 
schema definitions) at the same time. Therefore, the conceptual approach can for example be applied for database 
structures of dislocated ERP system implementation scenarios.  
 
(B) data content  
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 Business users are able to assess the quality of the actual data base content by building semantic queries, which 
abstract from actual implementation details  (e.g. are all ingredients maintained?). 
 The use of ontologies to capture the semantics of the underlying databases allows for the analysis of data quality 
without bothering about technical issues.  
 
One actual application of our contributions can be the assessment of new business ideas or the preparation of upcoming 
business innovations or legal requirements by identifying data needs with the help of a reference ontology. By 
conceptualizing real-world entities that are not used in today‟s business but might be of interest tomorrow (e.g. automated 
promotions on ingredient basis) potential future data deficiencies can be identified. Furthermore, data quality dimensions 
defined within the ontology can be used to develop quality audit guidelines and procedures. 
Limitations 
The results within this paper are based on a limited number of case studies and expert interviews. Due to the interpretive 
nature of this research we cannot claim that semantic data management has been fully solved. We understand our approach as 
a starting point towards a semantic data quality management.  
Future Research 
We propose to use the procedure model we have introduced in this paper as a sensitizing device to conduct further research in this 
area of data quality management. Furthermore, our concept has to be applied to various domains in order to evaluate and further 
develop our approach. We believe that semantic master data quality management will play an important role within business 
process and IS management in the future in order to further automate business processes and to better align business requirements 
and data.  
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